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Robust Keypoint Detection against Affine Transformation Using Moment
Invariants on Intrinsic Mode Function
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Abstract: Scale Invariant Feature Transform (SIFT) is a method to detect and match invariant feature points
on images, and is robust against contrast, rotation, and scale changes. However, SIFT cannot find many correct
matching points between affine transformed images because this method employs Gaussian function for scale
parameter which specifies a circle area on image planes. In this paper, we propose a method using Bi-dimensional
Empirical Mode Decomposition (BEMD) for keypoint detection, where a given image is decomposed into
Intrinsic Mode Functions (IMFs). Our method also employs Affine Moment Invariants (AMIs) instead of SIFT’s
feature values. As a result, the proposed method detects more matching points than SIFT in a steep affine
transformed image.
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I. INTRODUCTION

DETECTING and matching keypoints from multi-
view images are used for many applications such

as panoramic view and 3-D reconstruction. Scale In-
variant Feature Transform (SIFT) [1] detects invariant
feature points on images under contrast, rotation, and
scale changes. However, SIFT cannot assign correct
matching points between affine transformed images
because this method employs LoG (Laplacian of Gaus-
sian) or DoG (Deference of Gaussian) kernel, which
describes a circle as a scale of each keypoint. To solve
the problem, Affine-SIFT (ASIFT) [2] is proposed.
ASIFT generates affine transformed images from an
original image in advance; then, the method tries to
find an identical image among them.

In this paper, we use Bi-dimensional Empirical
Mode Decomposition (BEMD) [3], which divides a
non-stationary signal into narrow band signals called
Intrinsic Mode Function (IMF) to detect invariant
keypoints against affine transformed images because
an affine transformed circle is denoted by an ellipse.
Our study also employs Affine Moment Invariants
(AMIs) [4] as feature values.

The rest of this paper is organized as follows.

Section II explains Empirical Mode Decomposition
(EMD) [5] and BEMD. Section III summarizes AMIs.
Section IV describes the proposed method. The details
of experiments and experimental results are shown in
Section V. Section VI concludes this study.

II. EMD (EMPIRICAL MODE
DECOMPOSITION)

EMD is one of feature analyses and separates a sig-
nal into narrowband signals. The narrowband signals
are called IMF, and have two characters as described
below:

• In the whole data set, the number of extreme
values and the number of zero-crossings must
either be equal or differ at most by one.

• At any points, average of two envelopes given by
local maximum and minimum values should be
zero.

The algorithm to divide an input signal s(t) into IMF
ci(t)(i = 1, 2, . . . ) is summarized as below.

1) Initialize the set of IMFs, denoted by Ω as empty.
2) Set h(t) = s(t)−

∑
i∈Ω ci(t).

3) Repeat the following process, until h(t) is rec-
ognized as IMF.
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a) Search all of extreme values, and create
the envelope u(t) of minimum values and
envelope l(t) of maximum values by spline
interpolation of degree three.

b) Update h(t) as Eq.(1),

h(t)← h(t)− 1

2
(u(t) + l(t)). (1)

c) If h(t) is IMF, set h(t) in Ω. If not, go
back to the procedure (a) and replace h(t)
with the input signal.

4) Update the residual signal r(t) as Eq.(2), and
then return to the procedure (2),

r(t) = s(t)−
∑
i∈Ω

ci(t). (2)

EMD obtains lower narrow band signals subsequently,
i.e. a residual signal has the lowest frequency and a
first IMF has the highest frequency. IMF also has a
feature that an input signal s(t) is represented by the
addition of IMFs and the residual signal. If we denote
a IMF and the residual signal as ci(i = 1, · · · ,m− 1)
and r(t) respectivery, the relationship is shown by

s(t) =
m−1∑
i=1

ci(t) + r(t). (3)

BEMD is an extension of EMD, and is applied to
images. The process for images is similar to the above-
mentioned algorithm. Our study applies thin board
spline interpolation of degree three. Figure 1 shows
an example of a IMFs’ set. Note that values of these
IMFs are converted into range 0 - 255 because IMFs
have negative values.

III. AMI (AFFINE MOMENT INVARIANT)

AMIs are feature values to recognize shapes be-
tween an original image and affine transformed ones.
The geometric moment mpq and the central moment

(i) Input image (ii) IMFc1

(iii) IMFc2 (iv) IMFc3

(v) IMFc4 (vi) IMFc5

(vii) IMFc6 (viii) Residual signal

Fig. 1 Example of IMFs

µpq of the order (p+ q) are defined as:

mpq =

∫ ∞

−∞

∫ ∞

−∞
xpyqf(x, y)dxdy, (4)

µpq =

∫ ∞

−∞

∫ ∞

−∞
(x− x̄)p(y − ȳ)q

f(x, y)dxdy, (5)

f(x, y) =

{
1 if (x, y) ∈ region of figure,
0 otherwise,

where a barycenter (x̄, ȳ) is equal to
(m10/m00,m01/m00). AMI of f(x, y), denoted
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as I(f), is defined by the graph method [6] [7]:

I(f) =

∫ ∞

−∞

∫ ∞

−∞

N∏
k,j=1

C
nkj

kj ·
N∏
i=1

f(xi, yi)

dxidyi, (6)

where Ckj = xkyj −xjyk is ”cross-product”, nkj is a
non-negative integer, and N is called the degree of the
invariant (N ≥ 2). Note that the relation between j and
k is only j > k because Ckk = 0 and Cjk = −Ckj .
An advantage of the graph method is that Eq.(6) is
represented by graph structures. As an example, let us
derive AMI I1:

I(f) =

∫ ∞

−∞

∫ ∞

−∞

∫ ∞

−∞

∫ ∞

−∞
(X1Y2 −X2Y1)

2

f(x1, y1)f(x2, y2)dx1dy1dx2dy2

= 2(µ20µ02 − µ2
11) (w = 2, N = 2), (7)

where w =
∑

k,j nkj is called the weight of the
invariant, and coordinates (X1, Y1), (X2, Y2) are (x1−
x̄, y1 − ȳ), (x2 − x̄, y2 − ȳ) respectively. In addition,
Eq.(7) should be normalized for scale invariants, i.e.
a scale of central moments µ00 is normalized as one.
Let us consider an original coordinate ((x−x̄)/λ, (y−
ȳ)/λ) and a normalized coordinate (x′− x̄, y′− ȳ). In
case of this, a normalized central moment is given by

µ′
pq =

∫ ∞

−∞

∫ ∞

−∞
(x− x̄)p(y − ȳ)q

f(x/λ, y/λ)dxdy

=

∫ ∞

−∞

∫ ∞

−∞
(λp(x′ − x̄)p)(λq(y′ − ȳ)q)

f(x′, y′)λ2dx′dy′

= λp+q+2µpq. (8)

Since µ′
00 = 1, coefficient λ is equal to µ

−1/2
00 . There-

fore, a normalized µ′
pq is defined as µpq/µ

(p+q+2)/2
00 .

Then, AMI I1 is given:

I1 = (µ20µ02 − µ2
11)/µ

4
00.

(9)

The other AMIs up to the 5th order are as below:

I2 = (−µ2
30µ

2
03 + 6µ30µ21µ12µ03

−4µ30µ
3
12 − 4µ3

21µ03

+3µ2
21µ

2
12)/µ

10
00, (10)

I3 = (µ20µ21µ03 − µ20µ
2
12

−µ11µ30µ03 + µ11µ21µ12

+µ02µ30µ12 − µ02µ
2
21)/µ

7
00, (11)

I4 = (−µ3
20µ

2
03 + 6µ2

20µ11µ12µ03

−3µ2
20µ02µ

2
12 − 6µ20µ

2
11µ21µ03

−6µ20µ
2
11µ

2
12 + 12µ20µ11µ02µ21µ12

−3µ20µ
2
02µ

2
21 + 2µ3

11µ30µ03

+6µ3
11µ21µ12 − 6µ2

11µ02µ30µ12

−6µ2
11µ02µ

2
21 + 6µ11µ

2
02µ30µ21

−µ3
02µ

2
30)/µ

11
00, (12)

I5 = (µ40µ04 − 4µ31µ13 + 3µ2
22)/µ

6
00, (13)

I6 = (µ40µ22µ04 − µ40µ
2
13 − µ2

31µ04

+2µ31µ22µ13 − µ3
22)/µ

9
00, (14)

I7 = (µ2
20µ04 − 4µ20µ11µ13

+2µ20µ02µ22 + 4µ2
11µ22

−4µ11µ02µ31 + µ2
02µ40)/µ

7
00, (15)

I8 = (µ2
20µ22µ04 − µ2

20µ
2
13

−2µ20µ11µ31µ04 + 2µ20µ11µ22µ13

+µ20µ02µ40µ04 − 2µ20µ02µ31µ13

+µ20µ02µ
2
22 + 4µ2

11µ31µ13

−4µ2
11µ

2
22 − 2µ11µ02µ40µ13

+2µ11µ02µ31µ22 + µ2
02µ40µ22

−µ2
02µ

2
31)/µ

10
00, (16)
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I9 = (µ2
30µ

2
12µ04 − 2µ2

30µ12µ03µ13

+µ2
30µ

2
03µ22 − 2µ30µ

2
21µ12µ04

+2µ30µ
2
21µ03µ13 + 2µ30µ21µ

2
12µ13

−2µ30µ21µ
2
03µ31 − 2µ30µ

3
12µ22

+2µ30µ
2
12µ03µ31 + µ4

21µ04

−2µ3
21µ12µ13 − 2µ3

21µ03µ22

+3µ2
21µ

2
12µ22 + 2µ2

21µ12µ03µ31

+µ2
21µ

2
03µ40 − 2µ21µ

3
12µ31

−2µ21µ
2
12µ03µ40 + µ4

12µ40)/µ
13
00, (17)

I10 = (−µ2
50µ

2
05 + 10µ50µ41µ14µ05

−4µ50µ32µ23µ05 − 16µ50µ32µ
2
14

+12µ50µ
2
23µ14 − 16µ2

41µ23µ05

−9µ2
41µ

2
14 + 12µ41µ

2
32µ05

+76µ41µ32µ23µ14 − 48µ41µ
3
23

−48µ3
32µ14 + 32µ2

32µ
2
23)/µ

14
00. (18)

IV. PROPOSED METHOD
ASIFT detects pairs of keypoints between affine

transformed multiple viewpoint images, but the
method should generate various transformed images.
In this study, we propose a method to obtain matching
points by using only given images. The proposed
method employs BEMD to detect keypoints and de-
scribe AMIs on generated IMFs.

The process of the proposed method is as below.
Firstly, an input image is decomposed into IMFs by
BEMD. Since a criterion of IMF is that the mean of
two envelopes is zero, IMFs take positive and negative
values; thus, SIFT cannot deal with negative amplitude
keypoints. Then, the proposed method divides an IMF
into two images; positive and negative images, and
takes an absolute value to be a positive value in
negative images. Secondly, our method generates P-
level (P=0,1,2,...99) binary images where the ampli-
tude of IMF is greater than or equal to P% turns to
one and the others are zero. The pixels of extreme
values are assigned as keypoints. Thirdly, the proposed
method recognizes regions assigned ”one” on binary
images, and obtains regions. Finally, the proposed
method computes central moments of the regions on
IMFs, then describes 10 independent AMIs up to the
5th order. However, we remove each residual signal,
namely lowest frequency, because the signals represent

illumination change. The proposed method also does
not count regions which contain less than 20 pixels
because of noise.

To search corresponding keypoints on different view
point images: image 1 and image 2, we compute
AMIs’ Euclidean distance d given by

d(v1,v2) = ∥v1 − v2∥, (19)

where v1 and v2 are vectors of which elements are
10 independent AMIs on image 1 and 2, respectively.
The distance d is computed for all candidate keypoints
exhaustively.

V. EXPERIMENTS
We evaluate our method on the following keypoints:

keypoints adopting coordinates of extreme values, and
keypoints using barycenters (x̄, ȳ) of regions. Here-
after, the former and the latter are denoted as Method
1 and Method 2 respectively. The process of BEMD
uses Matlab and the other processes conduct OpenCv
[8] on VC++. The dataset for the experiments is
Graffiti [9] shown in Fig.2. Graffiti dataset has six
images, and this study selects image 1, 2, 4, and 6. We
search corresponding keypoints on P-level to absorb
the histogram difference of IMF amplitude among
view points. Moreover, we conduct comparison with
positive and negative images separately. However, our
evaluation determines keypoints with less than 5 pixels
error as correct and does not compute matching rates,
and we use all of matching points.

Our methods also assign a threshold to remove small
regions and its influence is indicated in Fig.3. As the
figure, the more the threshold increases, the less the
number of matching points decreases. Then, we set the
parameter value 20. Table 1 compares the numbers of
correct keypoints of SIFT and our methods, and Fig.4
and Fig.6 illustrate detected correct matching points
on images. They tell us that SIFT has approximately
10 times as many matching points as the proposed
methods in image 2, and mathing points of SIFT are 5
times more than those of our methods in image 4. The
reason that the proposed method detects less keypoints
than SIFT is due to IMFs’ characteristics and effects
of noise. We think that noise caused by generating
P-level binary images mismatches pairs of keypoints.
Therefore, matching points of the proposed methods
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are small amount. However, both proposed methods
find more correct matching points than SIFT in image
6, and Method 1 is slightly better than Method 2. In
addition, our methods detect matching points not only
in positive images, but also in negative images.

(i) Image 1 (ii) Image 2

(iii) Image 4 (iv) Image 6
Fig. 2 Graffiti images
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(i) Method 1
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(ii) Method 2

Fig. 3 Difference of threshold in the number of correct
matching points

Table. 1 Comparision image 1 with image 2,3, and 6
in the number of matching points````````````

img2 img4 img6

SIFT 1194 264 14
Method 1 positive 50 17 12

negative 38 14 17
Method 2 positive 61 22 11

negative 57 19 15

VI. CONCLUSION
This study proposes a method to detect and match

keypoints using AMIs on IMFs. Our method can
use keypoints not only of local maximum values but
also of local minimum values on IMFs. Experimental
results show that the proposed methods find more
correct matching points than SIFT in a steep affine
transformed image. We are going to study the follow-
ing issues in future: reduction of unreliable keypoints,
involving other affine invariants, and fast implementa-
tion.
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(a) image 2

(b) image 4

(c) image 6
Fig. 4 Correct matching points of SIFT

(a) image 2

(b) image 4

(c) image 6
Fig. 5 Correct matching points of the Method 1 on
positive images
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(a) image 2

(b) image 4

(c) image 6
Fig. 6 Correct matching points of the Method 1 on
negative images
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